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ABSTRACT  
 
The restrictions on operating Micro Air Vehicles (MAVs) with a mass below 200g in an urban environment are greatly reduced 
compared to heavier Air Vehicles. Operating MAVs directly above streets and close to buildings brings two key challenges 
compared to larger uninhabited air vehicles (UAVs). Firstly, the weight restriction essentially limits the useable sensors to 
smartphone technology, such as small cameras, chip-scale inertial measurement units (IMUs) with magnetometers and a 
barometer, and GNSS receivers using lightweight linearly polarized antennas. The second challenge is that GNSS signals are 
blocked and reflected by the buildings in dense urban areas, severely degrading the positioning accuracy. 
 
By using 3D mapping of the buildings, to predict which signals are visible and which are blocked, GNSS positioning accuracy 
in can be substantially improved. For land-based applications in dense urban areas, single-epoch positioning is about a factor of 
five more accurate using 3D-mapping-aided (3DMA) GNSS than conventional GNSS positioning. Here, 3DMA GNSS is 
extended to airborne use by integrating it with barometric height. 
 
Experimental tests at 3 m and 5 m above ground have shown that, where the height above ground is known, the positioning 
performance and processing load is similar to that of ground-based 3DMA GNSS, with RMS horizontal errors of 4.5 m using an 
RHCP antenna and 6.9 m using a linearly-polarized antenna. 3DMA GNSS ranging performance improves with increasing height 
above ground, whereas shadow-matching performance degraded with increasing height at most of the test sites used here. 
 
Where the height solution is provided by a calibrated barometric altimeter, the 3DMA GNSS performance depends on the quality 
of the barometric sensor. Using a smartphone grade barometer, the RMS horizontal position errors are degraded to 8.3 m using 
an RHCP antenna and 9.9 m using a linearly-polarized antenna. However, using a high-quality barometric altimeter, the 3DMA 
GNSS position accuracy is only degraded by about 12%, compared to the known-height results. Thus, selection of a good height 
sensor is critical. Using a two-stage 3DMA GNSS algorithm implementing a 3D search area at the second stage, the RMS 
positioning accuracy obtained with a low-quality barometer is improved to 5.7 m using an RHCP antenna and to 8.3 m using a 
linearly-polarized antenna. 
 
1. INTRODUCTION 
 
Aerial surveillance over urban areas is an important tool for emergency management, police and military operations, traffic 
monitoring and newsgathering. Flying low at 5-10m above the ground effectively enables much higher resolution imaging and 
can provide access to places not visible from higher up. It also enables new applications, such as building inspection. However, 
the only practical way of safely flying at very low altitude close to buildings is to ensure that the aircraft is sufficiently small and 
light that it won’t cause significant injury or damage if it crashes. This limits the mass of such micro air vehicles (or “nano air 
vehicles”) to below 200g, which in turn limits the resources available for navigation. 
 
Dead reckoning can be performed using the camera(s) in combination with chip-scale inertial and magnetic sensors similar to 
those deployed on smartphones. However, dead reckoning errors always accumulate over time, so absolute positioning is also 
required. Absolute visual positioning requires a large feature database and can impose a high processing load, particularly if a 
large area has to be searched. However, computational resources on a MAV are limited by the need to minimize the battery size. 
 
GNSS positioning using a standard consumer-grade or smartphone GNSS receiver chip is a practical option for a MAV. 
However, the size and mass of the antenna must be minimized. Furthermore, conventional GNSS positioning in dense urban 
areas can exhibit errors of tens of meters due to blockage and reflection of signals by the surrounding buildings. 
 
Buildings and other obstacles degrade GNSS positioning in three ways. Firstly, where signals are completely blocked, they are 
simply unavailable for positioning, degrading the signal geometry. Secondly, where the direct signal is blocked (or severely 
attenuated), but the signal is received via a (much stronger) reflected path, this is known as non-line-of-sight (NLOS) reception. 
NLOS signals exhibit positive ranging errors corresponding to the path delay (the difference between the reflected and direct 
paths). These are typically a few tens of meters in dense urban areas, but can be much larger if a signal is reflected by a distant 
building. Thirdly, where both direct line-of-sight (LOS) and reflected signals are received, multipath interference occurs. This 
can lead to both positive and negative ranging errors, the magnitude of which depends on the signal and receiver designs. The 
strength of the reflected signals depends on the construction of the building. Metallized glass is a much stronger reflector than 
brick and stone. NLOS reception and multipath interference are often grouped together and referred to simply as “multipath”. 
However, to do so is highly misleading as the two phenomena have different characteristics and can require different mitigation 
techniques [1]. 
 
There are many different approaches to multipath and NLOS mitigation [2]. Antennas with strong circular polarization 
discrimination can attenuate the reflected signals. However, they are too large for MAV use. A linearly polarized antenna, similar 
to those used on smartphones, does not attenuate reflected signals any more than direct signals, so NLOS reception cannot easily 
be detected using signal-to-noise measurements alone. Much of the literature on multipath mitigation is dominated by receiver-
based signal-processing techniques [3]. However, because they work by separating out the direct and reflected signals within the 
receiver, they can only be used to mitigate multipath; they have no effect on NLOS reception at all.  
 
Over the past six years, there has been a lot of interest in 3D-mapping-aided (3DMA) GNSS. This improves performance in 
dense urban areas by using maps of the buildings to predict which signals are directly visible at any given location. Many different 
approaches have been demonstrated over the past six years [4-20], but each may be broadly classified as either ranging or shadow 
matching. 3DMA ranging is a modification of conventional ranging-based GNSS positioning that uses the 3D mapping to either 
downweight or correct those signals predicted to be non-line-of-sight (NLOS), noting that NLOS correction is more 
computationally intensive. Shadow matching determines position by comparing the measured signal availability with that 
predicted over a grid of candidate positions using 3D mapping. The different approaches are discussed further in [4]. 
 
At UCL, we have found that best performance is obtained by using both 3DMA ranging and shadow matching, a concept known 
as intelligent urban positioning (IUP). Ranging tends to be more accurate in the along-street direction because there are more 
direct LOS signals in this direction, whereas shadow matching tends to be more accurate in the across-street direction due to the 
building geometry. Best results are obtained using a likelihood-based 3DMA ranging algorithm that scores candidate position 
hypotheses according to the correspondence between measured and predicted pseudo-ranges. Different error distributions are 
assumed at each candidate position according to which signals are predicted to be NLOS at that location. The ranging-based 
position solution is then integrated with the shadow matching solution in the hypothesis domain before extracting a position 
solution from the combined likelihood surface [4]. 
 
Using the 3D building models to directly predict which signals are blocked over a range of candidate locations can be 
computationally intensive. However, the real-time computational load can be reduced dramatically by using building boundaries 
[21]. These describe the minimum elevation above which satellite signals can be received at a series of azimuths and are 
precomputed for each candidate position. A signal can then be classified as LOS or NLOS simply by comparing the satellite 
elevation with that of the building boundary at the corresponding azimuth. 
 
Ground-based testing of UCL’s 3DMA GNSS algorithms was conducted at 28 locations across London. With a u-blox EVK 
M8T consumer-grade GNSS receiver, the single-epoch RMS horizontal (i.e., 2D) error across all sites was 4.0 m, compared to 
28.2 m for conventional positioning. Using a HTC Nexus 9 tablet, equipped with smartphone GNSS equipment that outputs 
pseudo-ranges the 3DMA positioning RMS error was 7.0 m, compared to 32.7 m for conventional GNSS positioning [4]. 
Subsequent to these tests, 3DMA GNSS has been implemented in real-time on a Raspberry Pi 3 using the u-blox receiver, the 
algorithms have been refined and further testing has been conducted. Figure 1 shows the real-time system. 
 
 
 
Figure 1: Real-time 3DMA demonstration system comprising u-blox EVK M8T GNSS receiver and antenna, Raspberry Pi 3, 
battery pack, tablet used as a user interface and smartphone used as a Wi-Fi hotspot. 
 
Here, we present the first airborne implementation of 3DMA GNSS using real experimental data. A simulation of airborne 
shadow matching was described in [16]. Terrestrial positioning may be constrained to a two-dimensional problem using a terrain 
height database. This limits the number of candidate positions that the 3DMA GNSS algorithm must consider. However, 
positioning in the air is fundamentally three dimensional. A full three-dimensional search area is not practical for a real-time 
implementation of our 3DMA GNSS positioning algorithms. Therefore, we have used a barometric height solution to constrain 
the vertical search area. Calibration is required to correct for variations in atmospheric pressure due to the weather; this has been 
done by taking readings when the MAV was on the ground. Other options are to use a barometric reference station or to take the 
MAV up to a height where good GNSS reception is available. 
 
Two versions of the positioning algorithms are tested. The first assumes that the barometric height is correct, constraining the 
search area to two dimensions. The second performs a limited vertical search ( 3m in this case). The processing load for UCL’s 
3DMA GNSS algorithms is minimized by using a grid of pre-computed azimuth-elevation building boundaries. Fortunately, this 
grid does not have to be extended to three dimensions because the tangent of the elevation varies linearly with the height above 
ground. Therefore, by pre-computing the coefficients for this, the building boundary can be rescaled to any user height. Section 
2 summarizes the 3DMA GNSS algorithms and describes how they have been adapted to airborne operation. 
 
Experimental tests have been performed across a range of dense urban environments using equipment mounted on a 5m pole. 
Data was collected from two u-blox GNSS receivers connected to right-hand-circularly polarized (RHCP) and linear polarized 
antennas, together with various types of barometric altimeter. The methodology and positioning results are described in Section 
3. Section 4 then describes plans for a real-time flight test using a Swarm Systems MAV. 
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Section 5 discusses the integration of 3DMA GNSS with visual and inertial sensors into a multisensor MAV navigation system 
in order to obtain the best possible accuracy. A filtered 3DMA GNSS solution can be expected to be more accurate than the 
current single-epoch solution and aiding from the other sensors could improve performance further. Conversely, the GNSS 
solution can be used to maintain calibration of the other sensors. The pros and cons of cascaded and centralized integration are 
discussed. Finally, conclusions and plans for future work are summarized in Section 6. 
 
2. POSITIONING ALGORITHMS 
 
The intelligent urban positioning system comprises four main algorithms as shown in Figure 2. The least-squares 3DMA GNSS 
ranging algorithm is used to initialize the likelihood-based 3DMA GNSS ranging algorithm and the shadow matching algorithm, 
enabling them to use a much smaller search area than if the conventional GNSS position was used for initialization. A hypothesis-
domain integration algorithm then computes a joint position solution from likelihood-based 3DMA ranging and shadow 
matching [4]. Each algorithm is summarized in turn, followed by a description of how the 3DMA GNSS algorithms have been 
adapted for airborne implementations. 
 
 
 
Figure 2: 3D-mapping-aided GNSS algorithm configuration 
 
2.1. Least-Squares 3DMA GNSS Ranging  
 
Figure 3: Least-squares 3DMA GNSS ranging algorithm block diagram (Adapted from [8]). 
 
Figure 3 shows the least-squares 3DMA ranging algorithm, comprising the following six steps: 
1. A search area is determined using the conventional GNSS position solution on the first iteration and the previous solution on 
subsequent iterations, together with an appropriate confidence interval.  
2. Using 3D mapping converted to precomputed building boundaries, the proportion of the search area within which each 
satellite is directly visible is computed, giving the probability that the signal is direct LOS.   
3. A subset-comparison-based consistency-checking process is applied to the ranging measurements, using the direct LOS 
probabilities from the 3D mapping. This selects the most consistent subset of the signals received to compute a position 
3. Shadow Matching 2. Likelihood–Based 
3DMA Ranging 
1. Least-Squares 
3DMA Ranging 
Intelligent Urban Positioning Solutions  
4. Hypothesis-Domain 
Integration 
1. Determine search 
area 
Satellite elevation  
and C/N0  
3D mapping 
GNSS receiver 
3. Consistency  
checking 
2. Compute LOS 
probabilities 
4. Signals  
weighting 
Building boundaries 
generation 
5. Virtual range 
generation 
6. Determine  
position  
solution from, based on the principle that measurements from “clean” direct LOS signals produce a more consistent 
navigation solution than those from NLOS and severely multipath-contaminated signals. 
4. The set of signals resulting from the consistency checking process is subjected to a weighting strategy based on the previously 
determined LOS probabilities and carrier-power-to-noise-density ratio, C/N0. 
5. Terrain height is extracted from the 3D mapping and a virtual range measurement is generated using the position at the centre 
of the search area. By effectively removing a dimension from the position solution, this improves the accuracy of the 
remaining dimensions. 
6. Finally, a position solution is derived from the pseudo-ranges and virtual range measurement using weighted least-squares 
estimation. 
The algorithm is then iterated several times to improve the position solution. Full details are presented in [8]. 
Projected coordinates (eastings and northings) are used for the 3D mapping while Cartesian ECEF coordinates are used for the 
least-squares position solution. Conversion between Cartesian ECEF and projected coordinates can be simplified using a nearby 
reference point [22]. 
 
2.2. Likelihood-based 3DMA GNSS Ranging  
In likelihood-based 3DMA GNSS ranging an array of candidate position hypotheses are scored according to the correspondence 
between the predicted and measured pseudo-ranges. This enables different error distributions to be assumed for a given GNSS 
signal at different candidate positions. Thus, at positions where a signal is predicted from the 3D mapping (via precomputed 
building boundaries), to be NLOS, a skew normal (Gaussian) distribution is assumed, biased towards positive ranging errors. 
Elsewhere, a conventional symmetric normal distribution is assumed. 
 
Terrain height aiding is inherent in generating the position hypotheses, enabling a single height to be associated with each 
horizontal position and thus avoiding the computational load of a 3D search area. The receiver clock bias is eliminated by 
differencing all pseudo-range measurements across satellites. 
 
 
 
Figure 4: Likelihood-based 3DMA GNSS ranging algorithm block diagram 
 
Figure 4 shows the likelihood-based 3D-model-aided ranging algorithm, comprising the following six steps: 
1. A circular search area of radius 40m is defined with its centre at the least-squares 3DMA ranging position solution. Within 
this search area, a grid of candidate positions is set up with a spacing of 1m. 
2. For each candidate position, the satellite visibility is predicted using the building boundaries precomputed from the 3D city 
model. At each candidate position, the highest elevation satellite predicted to be direct LOS is selected as the reference 
satellite. 
3. At each candidate position, the direct LOS range to each satellite is computed. Measurement innovations are then computed 
by subtracting the computed ranges from the measured pseudo-ranges and then differencing with respect to the reference 
satellite. 
4. At each candidate position, the measurement innovation for each satellite predicted to be NLOS is re-mapped to a skew 
normal distribution. 
5. A likelihood score for each candidate position, p, is computed using 
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 pppRp zCz z  1,Texp  , (1) 
where zp is the vector of measurement innovations and Cz,p is the measurement error covariance matrix, computed using 
the direct-LOS-hypothesis measurement error standard deviations, which are the same for all candidate positions. 
6. A position solution is derived from the scores of the candidate positions using 
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where Ep and Np are the easting and northing coordinates of the pth candidate position. 
Full details are presented in [23]. 
 
2.3. Shadow Matching 
 
Figure 5: Shadow-matching algorithm block diagram (adapted from [20]) 
 
The shadow matching algorithm is a modified version of that presented in [8]. Figure 5 shows the algorithm, comprising the 
following five steps: 
1. A circular search area of radius 40m is defined with its centre at the least-squares 3DMA ranging position solution. Within 
this search area, a grid of candidate positions is set up is set up with a spacing of 1m. 
2. For each candidate position, the satellite visibility is predicted using the building boundaries precomputed from the 3D city 
model. If the satellite elevation is above the building boundary at the relevant azimuth, the LOS probability predicted from 
the building boundary, p(LOS|BB), is set to 0.8. Otherwise, it is set to 0.2. These values allow for diffraction and 3D model 
errors. 
3. The observed satellite visibility is determined from the GNSS receiver’s C/N0 or signal to noise ratio (SNR) measurements. 
From these, a probability that each received signal is direct LOS, p(LOS|SNR=s) is estimated using 
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where the coefficients are listed in Table 1. 
4. Each candidate position is scored according to the match between the predicted and measured satellite visibility. For a given 
satellite, the probability that the predicted and measured satellite visibility match is 
    )|(|2)|(|1 BBLOSpsSNRLOSpBBLOSpsSNRLOSpPm  . (4) 
The overall likelihood score, Sp, for each position, p, is then the product of the individual satellite probabilities.  
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5. A position solution is derived from the scores of the candidate positions using 
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where Ep and Np are the easting and northing coordinates of the pth candidate position. 
 
Table 1: Coefficients for determining direct LOS probability from measured SNR.  
 
Coefficient RHCP antenna Linear antenna Coefficient RHCP antenna Linear antenna 
po-min 0.26 0.17 a0 -2.252 -0.6153 
smin 22 dB-Hz 19 dB-Hz a1 0.1492 (dB-Hz)-1 0.04032 (dB-Hz)-1 
po-max 0.90 0.93 a2 -0.001588 (dB-Hz)-2 -0.00004 (dB-Hz)-2 
smax 32 dB-Hz 37 dB-Hz    
 
2.4. Hypothesis-Domain Integration 
Both shadow matching and likelihood-based 3DMA ranging can produce multimodal position distributions where there is a good 
match between predictions and measurements in more than one part of the search area. These will typically comprise the true 
position hypothesis and one or more false hypotheses. In general, the true position hypothesis will be consistent across the two 
positioning methods whereas the false hypotheses will not be. Hypothesis-domain integration therefore helps to eliminate false 
position hypotheses by computing a joint ranging and shadow matching likelihood surface prior to determining a position 
solution. Here, it is only applied to likelihood-based 3DMA ranging. 
 
The likelihoods are first combined using 
pSpRpp  , (7) 
noting that equal weighting of the two positioning methods is assumed here.  
 
The position solution is then obtained using 
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where Ep and Np are the easting and northing coordinates of the pth candidate position. 
 
 
Figure 6. Normalised log-likelihoods of candidate positions from likelihood-based ranging (left), shadow matching (middle) and 
hypothesis-domain integration (right). The cross shows the true position. White areas are indoors. Reproduced from [4]. 
 
Figure 6 shows example likelihood surfaces from 3DMA ranging, shadow-matching, and the hypothesis-domain integrated 
solution using a u-blox GNSS receiver [4]. In this case, 3DMA ranging gives a clear position solution, but this is on the wrong 
side of the street. The shadow matching likelihood surface has a maximum that is closer to the true position in the across-street 
direction, but further away in the along-street direction. There are also high-scoring areas in the next street. The integrated 
likelihood surface has a clear maximum that is much closer to the true position than either 3DMA ranging or shadow matching. 
2.5. Airborne Implementation (2D Search) 
Where a reliable height solution can be obtained from an altimeter, whether barometric, ultrasonic, radar or optical, 3DMA 
GNSS may be implemented in the air using the same algorithms as for terrestrial applications. The processing load for 3DMA 
GNSS is minimized by using a grid of pre-computed azimuth-elevation building boundaries instead of engaging with the 3D 
mapping in real-time. For airborne applications, the building boundaries must be modified to account for the variation in user 
antenna height above the ground. Extending the building boundary grid to three dimensions would massively increase the data 
storage requirements. However, this is not necessary because the tangent of the building boundary elevation varies linearly with 
the height above ground, as illustrated in Figure 7. 
 
 
Figure 7. Relationship between building boundary elevation and GNSS antenna height. 
 
Instead, a 2-dimensional grid of building boundary gradients is computed and stored alongside the same 2D building boundary 
grid used for terrestrial 3DMA GNSS. The building boundary elevation, , at a height, h, and satellite azimuth, , is then given 
by 
        00 ,,,,,arctan,0max,,, hhNEkNEhNEh   , (9) 
where k is the building boundary gradient, h0 is the reference height (1.5m above ground is used here) and E and N, are the 
easting and northing projected coordinates of the candidate position. 
 
In order to calculate the gradients, building boundaries are first computed, using the method described in [21], at 1m vertical 
intervals (in this case, ranging from 1.5m to 8.5m). For each grid point and azimuth, the maximum height, hmax, at which the 
building boundary elevation is greater than zero is determined. The gradient is then given by 
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2.6. Airborne Implementation (3D Search) 
Where the height solution from the altimeter is less reliable, the search area of candidate positions for shadow matching, 
likelihood-based 3DMA ranging and their integration must be extended to three dimensions. Here, the vertical search region 
extends from 3m below the altimeter-indicated height to 3m above with an 0.5m interval. Thus, 13 layers are searched. A factor 
of ~13 increase in processing load is clearly undesirable. Therefore the 2D 3DMA GNSS algorithm is run first in order to reduce 
the horizontal search area. A 20m search radius was found to be sufficient, compared with 40m for the 2D shadow matching and 
likelihood-based 3DMA ranging and 100m for the initial 3DMA least-squares ranging. Figure 8 depicts the whole process. 
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 Figure 8: Algorithm configuration for 3D-mapping-aided GNSS with 3D search area 
 
3. POLE EXPERIMENTS 
 
3.1. Methodology 
    
Figure 9. Data collection sites in the City of London (Map: GoogleTM Earth). 
 
     
Figure 10. Data collection sites at UCL Malet Place (Map: GoogleTM Earth). 
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Figure 11. Data collection sites in the Canary Wharf area (Map: GoogleTM Earth) 
 
GNSS measurements, comprising GPS and GLONASS, were collected in January to March 2017. Test data was collected at 16 
locations across three sites: The City of London, UCL’s Malet Place and the Canary Wharf district of London. These are shown 
in Figures 9-11. The City of London and Malet Place areas are typical of a traditional European city with narrow streets and 
buildings packed close together. The Canary Wharf area is representative of a modern city environment, found more commonly 
in North American and East Asian cities. The streets are wider and the buildings taller with more space between them. There is 
also a greater ratio of glass and steel to brick and stone than in the City of London district. 
 
Two u-blox NEO-M8T GNSS receivers boards were used, each interfaced to a Raspberry Pi (via USB). These boards are light 
enough to use onboard a Swarm Systems NAV and have the same functionality as the u-blox EVK M8T receivers used in 
previous studies. One receiver was connected to a standard u-blox RHCP antenna and the other to a linearly polarized antenna. 
The Raspberry Pi computers, used for logging the data, were each powered by a battery pack and configured as a WiFi hotspot 
to which two smartphones were connected (using the mobile SSH App) to configure the systems and enable data logging. For 
Canary Wharf experiment, smartphone’s Bosch Sensortec BMP280-series barometric pressure sensor and an external 
temperature sensor were used to infer the height input to the 3DMA GNSS algorithms. For the City of London and UCL’s Malet 
Place experiment, the height input to the 3DMA GNSS algorithm was computed exploiting an Adafruit BMP280-based sensor 
board (enabling barometric pressure and temperature measurements) connected to one of the two 3DMA GNSS system 
Raspberry Pi. The equipment was placed in a box, with the antenna on top, and mounted on a 10m extendable length Ionic 
System’s Grafter window-cleaning pole. The hardware is shown in Figure 12.  
 
The true position of the GNSS antenna was measured using a Leica TS06 total station. This was placed close to a known position, 
such as a building corner, the location of which was determined from Ordnance Survey maps using GIS software. The position 
of the total station with respect to the landmark was then obtained using a tape measure. This gives a truth reference accurate to 
a few decimeters horizontally and a few centimeters vertically. 
 
An additional data set was collected at Malet Place using a Parallax MS5607 altimeter connected to one of the 3DMA GNSS 
system Raspberry Pi (in similar fashion to the Adafruit 280 sensor), which uses higher quality pressure and temperature sensors 
than the Bosch sensor. The Parallax altimeter exhibited much greater stability with the height reading at constant altitude varying 
by about 0.2m (1), compared with about 1m (1) for the Bosch sensor. For these tests, a much simpler truth reference was 
used. The pole base was positioned with respect to a known landmark using a tape measure and the vertical position based on 
the pole height. Assuming the pole was vertical to within 10, this gives a truth reference accurate to a few decimeters horizontally 
and to 1 decimeter vertically. 
 
  
Figure 12. u-blox M8T-based data logging hardware for pole tests. 
 
A 3D city model of the area, from Ordnance Survey (OS), was used to generate the building boundary data used for the 
subsequent analysis. This is illustrated in Figure 13. The calibration parameters for the shadow-matching algorithm were obtained 
from a previous study [4] with Nexus tablet calibration parameters used with the linear-polarized antenna.  
 
 
 
Figure 13. The 3D model of the City of London (left) and Canary Wharf (right) used in the experiments.  
 
3.2. Results 
Tables 2 and 3 show the root mean square (RMS) horizontal position error using full 3DMA GNSS, 3DMA GNSS ranging, 
shadow matching and conventional GNSS positioning. The conventional solution is based on least-squares estimation with C/N0-
based weighting and consistency checking using the subset comparison method [24]. The different height determination methods 
only apply to 3DMA GNSS and all results are from single-epoch positioning.  
 
  
Total station targets  
Pole  
Equipment box  
u-blox M8T  
Raspberry Pi 
Adafruit
BMP280 
Linearly 
polarised  
antenna 
RHCP 
antenna 
Parallax 
MS5607 
Total 
station 
Table 2: RMS horizontal position error across all test sites (barometer height was inferred using Bosch BMP280 sensor)  
 
 Height RHCP antenna Linearly-polarized antenna 
Pole 
height 
determination 
method 
Conventional 
GNSS 
3DMA 
ranging 
Shadow 
matching 
3DMA 
GNSS 
Conventional 
GNSS 
3DMA 
ranging 
Shadow 
matching 
3DMA 
GNSS 
 Truth reference  3.7 m 6.8 m 4.0 m  4.4 m 8.5 m 6.7 m 
5 m Barometer 27.5 m 5.6 m 8.0 m 7.1 m 30.8 m 6.4 m 10.2 m  9.3 m 
 3D 3DMA GNSS  4.5 m 7.4 m 5.1 m  5.1 m 9.2 m  7.8 m 
 Truth reference  6.3 m 5.9 m 4.9 m  6.6 m 7.2 m  7.0 m 
3 m Barometer 35.6 m 9.0 m 9.4 m 9.4 m 39.5 m 9.5 m 11.2 m  10.5 m  
 3D 3DMA GNSS  7.0 m 7.0 m 6.3 m  7.9 m 9.9 m  8.7 m 
 
Table 3: RMS horizontal position error at Malet Place test sites (barometer height was inferred using Parallax MS5607 altimeter 
 
 Height RHCP antenna Linearly-polarized antenna 
Pole 
height 
determination 
method 
Conventional 
GNSS 
3DMA 
ranging 
Shadow 
matching 
3DMA 
GNSS 
Conventional 
GNSS 
3DMA 
ranging 
Shadow 
matching 
3DMA 
GNSS 
 Truth reference  3.3 m 6.7 m 3.6 m   5.3 m 8.8 m 6.1 m 
5 m Barometer 20.7 m 3.9 m 10.0 m 4.0 m 24.9 m 5.9 m 14.1 m 6.3 m 
 3D 3DMA GNSS - 3.5 m 7.9 m 3.8 m  5.5 m 9.3 m 6.6 m 
 Truth reference  5.8 m 4.0 m 4.3 m  4.0 m 6.7 m 6.6 m 
3 m Barometer 29.5 m 8.0 m 4.6 m 4.9 m 36.4 m 7.7 m 8.9 m 7.8 m  
 3D 3DMA GNSS  6.7 m 4.5 m 5.1 m  6.4 m 7.9 m 7.5 m 
 
Where the true height is used, the overall 3DMA GNSS positioning performance is similar to that achieved at ground level (4m 
with a RHCP antenna and 7m with a linearly-polarized antenna [4]). 3DMA GNSS is about 7 times more accurate than 
conventional GNSS positioning with the RHCP antenna and 4-5 times more accurate with the linearly-polarized antenna; this is 
also the same as was observed at ground level. Both conventional and 3DMA GNSS perform  slightly better at the 5m pole 
height is than that at 3m. 
 
Looking at the different 3DMA GNSS positioning methods, 3DMA GNSS ranging is more accurate at the 5m pole height than 
the 3m pole height, whereas shadow matching is more accurate at 3m than it is at 5m. 3DMA GNSS ranging on its own actually 
performs better than the integrated solution, incorporating shadow matching, at the 5m pole height with both antennas and at the 
3m pole height with the linearly-polarized antenna. By contrast, at ground level, the integrated solution is most accurate [4].  
This is because, as the height above ground is increased, fewer signals are affected by multipath interference and NLOS reception, 
which leads to better performance from 3DMA GNSS ranging as well as from conventional GNSS positioning. For shadow 
matching, optimum performance is achieved when lots of signals are direct LOS at some locations within the search area and 
NLOS in others. Thus, in more open environments, shadow-matching performance should degrade with height, whereas in more 
enclosed environments, it should improve with height. At most of the test sites in this study, the results show that shadow-
matching performance degrades with height. However, at Sites 3 and 5, which were the narrowest streets amongst the test 
locations, the shadow-matching performance improved with height. 
 
In practice, the true height is not available so barometric height must be used. As Table 2 shows, using the height solution from 
the Bosch BMP280 sensor significantly degrades the 3DMA GNSS positioning performance. With the RHCP antenna, the RMS 
position error is almost doubled. Figure 14 shows an example at Site 7A with 3m pole height and RHCP antenna; the position 
error is much larger and varies more with the Bosch barometric height. In contrast, using the Parallax MS5607 altimeter only 
slightly degrades the performance compared to that obtained using the true height (Table 3). Thus, selection of a good height 
sensor is critical. 
 
  
Figure 14. Horizontal position at Site 7A with 3m pole height and RHCP antenna using 3DMA GNSS with true height (left) and 
Bosch barometric height (right).  
 
Using an implementation of 3DMA GNSS with a 3D search area (see Section 2.6), Tables 2 and 3 show that performance is 
improved with a position accuracy typically partway between that obtained with true height and that obtained with barometric 
height. The 3D search area makes a bigger difference with the Bosch sensor as this induces larger errors. Figure 15 shows an 
example at Site 1A with 3m pole height, linearly polarized antenna and Bosch barometric height; the position error is much 
smaller and more stable with the 3D search area. 
 
  
Figure 15. Horizontal position at Site 1A with 3m pole height, linearly-polarized antenna and Bosch barometric height with a 
2D 3DMA GNSS search area (left) and 3D search area (right).  
 
4. FLIGHT TRIAL 
 
Flight trials are due to be conducted using a Swarm Systems Owl 3 remotely-piloted aircraft system (RPAS), shown in Figure 
16. This has four propellers, a mass of less than 200g, and a size of 40040040 mm when deployed and 4003640mm when 
folded. It has a range of up to 800m and endurance of 15-20 minutes. For the trial, it will be equipped with a -blox NEO-M8T 
GNSS receiver board and a Parallax MS5607 altimeter. The tests will be conducted at UCL Malet Place (Figure 10) with the 
true position determined using a Leica Viva TS12 robotic total station. 
 
 Figure 16. Swarm Systems Owl 3 remotely-piloted aircraft system. 
 
5. INTEGRATED MAV NAVIGATION 
 
For best navigation performance, all available sensors should be used. As well as the GNSS user equipment and altimeter, the 
Swarm Systems MAV is equipped with inertial, magnetic and visual sensors. The inertial and magnetic sensors can be used as 
an attitude and heading reference system (AHRS) to maintain the MAV’s attitude solution, noting that outlier detection is needed 
to mitigate magnetic anomalies from vehicles, buildings and other structures [2]. Lightweight inertial sensors cannot provide 
useful stand-alone inertial navigation for more than a few seconds. However velocity can be measured using visual odometry, 
which is an ongoing area of research for Swarm Systems. Using the attitude solution to transform this from body axis to north, 
east, down, a dead-reckoning position solution can then be maintained by integrating the velocity solution. Alternatively, visual 
odometry velocity measurements can be used to correct and calibrate an inertial navigation solution [2]. This has the advantage 
that the inertial velocity solution can be used to detect erroneous visual odometry measurements using innovation filtering [2]. 
 
 
Figure 17. Possible multisensor integration architecture for a micro air vehicle. 
 
Dead-reckoning from visual odometry, combined with either an AHRS or inertial navigation, is subject to position drift as the 
velocity measurement and frame-resolving errors are integrated over time. 3DMA GNSS can be used to correct and calibrate the 
dead-reckoning solution using conventional Kalman-filter-based loosely-coupled integration [2] with the 3DMA GNSS position 
solution simply substituted for the conventional GNSS position. The likelihood surface from the 3DMA GNSS solution (Section 
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2.4) and the LOS/NLOS predictions from the building boundaries can also be used to determine suitable weightings for the 
pseudo-range rate measurements in a least-squares GNSS velocity solution [2]. Innovation filtering can be used to reject 
erroneous 3DMA GNSS measurements. Figure 17 shows a possible integration architecture. 
 
Currently, UCL’s 3DMA GNSS algorithms operate epoch-by-epoch. However, this does not always produce a likelihood surface 
(see Figure 6) with a clear peak. Therefore, approximating this to a bivariate Gaussian distribution in order to output a position 
solution and associate covariance can introduce errors. By moving to a multi-epoch 3DMA GNSS algorithm in which the 
likelihood surface is propagated over multiple epochs using a grid filter, it should be possible to achieve a more accurate and 
robust position solution. However, this approach cannot easily be to incorporate integration of 3DMA GNSS with dead reckoning 
due to the number of states required to maintain calibration of the various dead-reckoning system error sources. New estimation 
techniques must be required. As centralized integration is difficult, this leaves a choice of either using cascaded integration or 
retaining the single-epoch 3DMA GNSS algorithms. Cascaded architectures have to be designed vary carefully to prevent time-
correlated errors in the measurement streams from destabilizing the state estimates [2]. Innovation filtering is also more difficult 
because measurement errors that grow slowly over successive epochs can contaminate the state estimates before they are 
detected. Conversely, outliers should be less frequent in a multi-epoch 3DMA GNSS solution compared to the single-epoch 
counterpart. Further research is needed to determine the best approach. 
 
6. CONCLUSIONS AND FUTURE WORK 
 
3D-mapping-aided GNSS has been extended to airborne use. Experimental tests at 3 m and 5 m above ground have shown that, 
where the height above ground is known, the positioning performance and processing load is similar to that of ground-based 
3DMA GNSS, with RMS horizontal errors of 4.5 m using an RHCP antenna and 6.9 m using a linearly-polarized antenna. 3DMA 
GNSS ranging performance improves with increasing height above ground, whereas shadow-matching performance degraded 
with increasing height at most of the test sites used here. 
 
Where the height solution is provided by a calibrated barometric altimeter, the 3DMA GNSS performance depends on the quality 
of the barometric sensor. Using a smartphone grade barometer, the RMS horizontal position errors are degraded to 8.3 m using 
an RHCP antenna and 9.9 m using a linearly-polarized antenna. However, using a high-quality barometric altimeter, the 3DMA 
GNSS position accuracy is only degraded by about 12%, compared to the known-height results. Thus, selection of a good height 
sensor is critical. Using a two-stage 3DMA GNSS algorithm implementing a 3D search area at the second stage, the RMS 
positioning accuracy obtained with a low-quality barometer is improved to 5.7 m using an RHCP antenna and to 8.3 m using a 
linearly-polarized antenna. 
 
The next stage of research will be to develop, implement and test multi-epoch 3DMA GNSS algorithms using a grid filter. After 
that, we aim to integrate 3DMA GNSS with dead-reckoning sensors. 
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